This paper analyzes the importance of social ties for eating behavior of US youth. We propose a novel approach that addresses identi…cation of social endogenous e¤ects. We overcome the problem of measuring the separate impact of endogenous and contextual e¤ects on individual Body Mass Index (BMI) in a dynamic linearin-means model, where individual-and group-speci…c unobservable e¤ects are controlled for. We show that the main drivers of eating behavior are habituation and imitation e¤ects. Imitation e¤ects explain most of the variation in BMI of individuals who were normal-weight and overweight during adolescence. Obese adolescents, instead, become future obese adults through wrong habits enforced by imitative behavior.
Introduction
Overweight and obesity are social plagues of modern societies. According to the World Health Organization (WHO), there are more than one billion overweight adults in our globe, at least three hundred million of them obese, and …gures are even worse for children and adolescents. This is a multifaceted condition with social and psychological dimensions in all ages and socioeconomic groups. The rising epidemic surely re ‡ects signi…cant changes in eating behavioral patterns of communities: over-consumption of carbohydrates and saturated fats as well as scarce physical activity are important causes.
However, social and peer e¤ects likely act as drivers of such a large-scale phenomenon, that seems to occur independent of cultural, economic, and environmental circumstances (Manski, 2000) : hence, the propensity of a person to behave in a certain way varies positively with the dominant behavior in her group, similar to informal enforcement mechanisms or social norms (Kandori, 1992; Bernheim, 1994) . 1 The aim of the present paper is to estimate the impact of social and peer e¤ects on eating behavior of US adolescents who transition into adulthood. 2 By means of a novel, yet simple empirical approach we overcome the problem of identifying the impact of social endogenous e¤ects on individual Body Mass Index (BMI). Furthermore, we examine to what extent adulthood BMI status depends on habituation and imitation during adolescence.
Adopting the notion …rst introduced by Manski (1993) , we can identify three types of group e¤ects impacting on individual behavior: endogenous e¤ects, which occur when individual behavior varies with the behavior of the group; contextual e¤ects, that arise when peer group characteristics directly a¤ect individual behavior; correlated or group (unobservable) e¤ects, that arise because group members share a common environment or common latent traits that a¤ect their individual behavior. Analyzing the statistical e¤ect of social interactions is generally challenging due to a special kind of identi…cation problem, the so called re ‡ection problem (Manski, 1993) : in a linear-in-means model of social interactions, the distinct role of endogenous and contextual e¤ects may be di¢ cult 1 Peer e¤ects have been extensively examined both in education (Bénabou, 1993) and in psychology (Brown, 1990; Brown et al. 1996) . For a review of the literature on social interaction e¤ects see Brock and Durlauf (2001) . 2 The expression 'eating behavior' comprises all the actions having in ‡uence on body weight, e.g. quantity and quality of food, physical exercise, and lifestyle-related issues.
to disentangle because such e¤ects co-move. Since the work of Manski (1993) , many are the studies that tackle the estimation of peer e¤ects (see Brock or on out of group e¤ects (Cohen-Cole, 2006). 3 Di¤erent from this literature, we resort on a simple and reasonable framework to identify social endogenous e¤ects in a linearin-means model. Speci…cally, we estimate a dynamic linear-in-means model that allows individual behavior to linearly depend on individual past behavior as well as on groupspeci…c e¤ects, which include some group observable characteristics and the expected aggregate behavior of the others in the group. Such an assumption makes sense when not only choice is thought of as being the result of social and peer e¤ects, but also of past behavior. Habituation as well as social behavior are possible determinants of individual choice, especially in the case of eating decisions. Furthermore, our econometric strategy allows us to control for endogeneity, individual and group heterogeneity by exploiting stationarity restrictions of a system GMM estimator augmented to control for individualand group-speci…c unobservable e¤ects.
We make use of the National Longitudinal Study of Adolescent Health (Add Health) dataset, a (US) representative sample of adolescents who transition into early adulthood for which information on demographic, health and socioeconomic status is registered along four waves, from 1994 to 2008. 4 We are able to study the behavioral causes of overweight and obesity among teenagers, and the e¤ects of such behavior during their transition to adulthood. In contrast to Cohen-Cole and Fletcher (2008), who also focus on obesity and social interactions using the Add Health dataset, the results of our dynamic linear-in-means model show that the tendency of individuals to become overweight is the outcome of both social e¤ects and past individual behavior. CohenCole and Fletcher (2008) general …nding is that social interactions with closest peers are not signi…cant once …xed e¤ects for social groups and individuals are accounted for.
In our estimation, instead, social endogenous e¤ects -i.e., the tendency to be a¤ected by the behavior of others in the same school -are still present even after accounting for school and individual e¤ects. We estimate that a 1% variation in average group BMI produces a 0:44% variation in current BMI status. Such …nding is in line with the evidence reported in Christakis and Fowler (2007) friends'parents, and friends'birth weight; in their study a friend-selection e¤ect might be driving results, rendering the appropriateness of the instrumental variables questionable.
Our study di¤ers from the ones just mentioned in many aspects, which are considered crucial for results to be reliable. First, we believe that schoolmates represent the best approximation of a potential reference group, as these are individuals who adolescents compare and interact with in their everyday life, especially during meals. Second, looking at the OLS estimations proposed by Christakis and Fowler (2007) and Cohen-Cole and Fletcher (2008), the presence of a lagged dependent (or independent) variable in a social interactions model can lead to substantial biases in the estimation, unless properly addressed. 5 In this respect, misspeci…cation of the model or of the error structure can lead to very large biases and thus incorrect inference. Our proposed GMM approach conciliates the di¤erent positions. Indeed, the econometric framework and estimation strategy used aim at overcoming the limits of the previous works, while relying on plausible hypotheses about habituation and reference groups. Third, we are able to trace out eating behavioral patterns from adolescence to adulthood. We show that obese teenagers become obese adults picking up wrong habits which are enforced by imitative behavior; the coe¢ cient of autocorrelation for this category is 0:97 and the one related to group BMI is greater than one. The story seems di¤erent for adults who were normal-weight and overweight during adolescence: their adult outcome is not highly correlated with the past; rather, the role of peers at school has a crucial importance for their current BMI.
Finally, we deal with missingness in the dependent variable (BMI) and in the most important economic variable, income, by replacing missing values using a multipleimputation method. This has a dramatic e¤ect on the coe¢ cient of average BMI when we consider estimation results for di¤erent weight categories. Speci…cally, our results show that for individuals who were overweight and obese adolescents there is a marked increase in the group e¤ect coe¢ cient. Such result is supportive of the hypothesis that certain categories of individuals are less likely to report their weight so that average group e¤ects will be downsized if missingness in the dependent variable is not properly accounted in the estimation.
The paper is structured as follows. Section two illustrates the main identi…cation issue arising in linear-in-means models of social e¤ects and shows how to resolve the identi…cation problem in panel data using the lagged endogenous variable as an internal instrument. Section three describes the system GMM estimation strategy employed in the paper. Section four describes the Add Health dataset and present the main results.
Section …ve concludes.
Linear-in-Means Models of Social Interactions

The Linear-in-Means Model and the Re ‡ection Problem
The baseline LMM is conceptually very simple. Usually not derived from any prede…ned individual decision problem, this model allows individual behavior to linearly depend on some individual-speci…c characteristics as well as on group-speci…c factors, which include some group observable characteristics and the expected aggregate behavior of the others in the group. This makes it easily interpretable as a regression model, and therefore interesting to the econometrician. However, as pointed out by Manski (1993) , the LMM su¤ers from a special kind of identi…cation problem -the so called re ‡ection problem -due to di¢ culties in disentangling two di¤erent group-e¤ects, namely contextual and endogenous e¤ects. Therefore, in such a framework measuring the impact of social interactions is typically challenging. 
The individual-speci…c terms are de…ned by a r 1 vector of observable characteristics, r ig , and " ig , a random and unobservable scalar assumed to be independent and identically distributed across individuals. As to group-speci…c factors, these are divided into a k 1 vector of predetermined characteristics, x g , and the expected average choice in the group, y e ig . These two terms are conceptually di¤erent, the former being interpreted as contextual e¤ects and the latter as an endogenous e¤ect, and those exist under the condition that is non-zero and has at least a non-zero element.
The key e¤ect is exerted by y e ig , since it creates reciprocal reactions between individual decisions.
Using expected average behavior rather than the realized one is merely due to analytical convenience. This is a reasonable assumption when the behaviors of the rest of group are not directly observable -i.e., in large groups. When it comes to empirical analysis, such an assumption presupposes a restriction on the way individuals form expectations about the average choice in their group. Speci…cally, expectations are supposed to be consistent with the structure of the choices in the model, or self-consistent. This means that the perceived average choice is equivalent to the mathematical conditional expectation of the average choice, y e g , given the information set of each individual. The information set includes values of r ig for other individuals within i's group, as well as the equilibrium expected choice level that occurs for her group. Individuals are assumed to be unable to observe the choices of others, y ig , or their random payo¤ terms " ig . Alternative information assumptions will not a¤ect the qualitative properties of the model. For the LMM, self-consistency amounts to:
where r g is the average of r ig within group g.
Notice that such an assumption on the aggregate outcome implies a unique equilibrium: there exists only one expected average choice level that is consistent with the model, given individual and group characteristics. Therefore, equation (2) maps these characteristics into a single y e g . An identi…cation problem in this framework could arise because endogenous and contextual e¤ects may co-move. Indeed, under the self-consistency assumption, the contextual variables determine the endogenous variable, as indicated by condition (2) .
Given that the identi…cation failure is a consequence of the correlation, by construction, between the endogenous and the contextual e¤ects, Manski (1993) renamed it 're ‡ection problem', which is not too dissimilar from the basic identi…cation problem in linear regressions with linearly dependent covariates. Manski's original argument is that every contextual e¤ect might be de…ned as the average of a corresponding individual characteristic. For example, if one controls for student's maternal education one also introduces average (school) maternal education so that x g = r g . Condition (2) becomes
meaning that the regressor y e ig = y e g in (1) is linearly dependent on the regressors a and x g in (1), so the parameters are not identi…ed. Substituting (3) into (1):
We can therefore state the following two remarks on the identi…cation of social interaction e¤ects in a LMM:
Remark 1 In the structural model (1) the set of regressors (1; y e g ; x g ; r ig ) requires the estimation of 2 + k + r parameters.
Remark 2 Assuming re ‡ection r g = x g in the reduced form (4) the set regressors (1; x g ; r ig ) allows us to identify 1 + k + r parameters. Hence, the endogenous e¤ ect parameter, , remains unidenti…ed.
It is then clear why in the LMM framework identi…cation of parameters is a major challenge. In the remainder of this section we show how to achieve identi…cation of the endogenous e¤ect parameter, .
An AR(1) Linear-in-Means Model: Breaking the Re ‡ection Problem
We discuss a dynamic LMM of social interactions, and show how the re ‡ection problem can be broken. Consider a case in which the econometrician has access to a grouped panel, with G non-overlapping groups (g = 1; : : : ; G) of individuals and N g individuals (i = 1; : : : ; N g ) sampled in the g th group. The following autoregressive model generates the observed data:
In practice, the set of individual-speci…c attributes supposed to be determining individual behavior at time t is assumed to depend on past period choice, y t 1;ig . Such an assumption makes sense when not only is choice thought of as being the result of contemporaneous exogenous characteristics, but also of a certain past behavior that could play a role in actual choice. Extending the example on peer e¤ects and students' obesity, we use student's body mass index in the previous period, y t 1;ig , as an internal instrument to resolve the re ‡ection problem since it will be orthogonal to the error term. The use of internal instruments to solve endogeneity problems is advocated for example by Lewbel (1997). Lewbel's idea is that when the endogenous regressor has a skewed distribution certain transformations of the data, including using lagged endogenous e¤ects, provide a set of valid instruments.
The self-consistency condition in this case is:
The term y t 1;g is the average choice in the group in t 1, which enlarges the individual information set among the observable e¤ects. Therefore, even under the assumption x t;g = r t;g , there is an additional element, y t 1;g , which allows identi…cation.
Indeed, the social equilibrium equation is:
Substituting the social equilibrium into (5) yields:
Clearly, the model is now identi…ed.
Proposition 1 In the structural model (5) the set of regressors (1,y t 1;ig ,y t;g ,r t;ig ,x t;g ) requires the estimation of (3 + r + k) parameters.
Proposition 2 Assuming re ‡ection r g = x g in the reduced form (8) the set regressors (1; y t 1;ig ; y t 1;g ; r t;ig ; x t;g ) allows to identify (3 + r + k) parameters. Hence, all the parameters in the structural equation (5) are identi…ed and the ratio of the two coe¢ cients ' 1 and ' gives the endogenous e¤ ect .
The model avoids the linear dependence between y t;g , x t;g and r t;g since we have the average action of the group in the previous period, y t 1;g ; as an additional regressor.
This implies that y t;g depends on the entire history of x t;g and r t;g resolving the contemporaneous correlation with the same variables. Once the correlation is resolved, we can get an e¢ cient and consistent estimation of all the parameters. Speci…cally, in the following section we illustrate how to estimate the social interaction parameters in the structural equation (5).
Estimation
We consider the following econometric framework:
where we allow for individual-speci…c e¤ects, captured by f i as well as for group-speci…c e¤ects, g ; " t;ig is an individual-speci…c random disturbance. Notice that the system (9) allows us to decuple a = g + f i in equation (5) . Appendix A demonstrates that system (9) accounts for correlated e¤ects both at the individual and group level so that g and f i can be treated as random. 6 In order to account for the presence of endogeneity, we assume that:
i = 1; :::; N g , g = 1; :::; G, and s t. This assumption allows both for contemporaneous correlation between current disturbances and covariates and feedbacks from past shocks into the current value of the covariates. Moreover, the following assumptions hold:
where X t;ig = [y t 1;ig ; y t 1;g ; x t;g ; r t;ig ].
We assume that f i and " t;ig are independently distributed across individuals and have a familiar error structure in which: 
In addition, we impose the initial condition E [y 1;ig " t;ig ] = 0 for t = 2; :::; T , i = 1; :::; N g ; g = 1; :::; G
Conditions (11) and (12) imply the following moment m = 0:5 (T 1) (T 2) conditions:
E [y t s;ig " t;ig ] = 0 for t = 3; :::; T , s 3
First di¤erence GMM can poorly behave when time series are highly persistent, as lagged levels of the series provide only weak instruments for subsequent …rst di¤erences.
In addition, …rst di¤erencing would lead to loose substantial information from contextual e¤ects, which are somewhat time-invariant. Therefore, we resort to a more e¢ cient GMM estimator that exploits stationarity restrictions. Bond et al. (2001a) show that this system GMM estimator provides more reasonable estimates than …rst-di¤erenced GMM. 7 Blundell and Bond (1998) consider the additional assumption that E [f i y 2;ig ] = 0, for i = 1; :::; N g and g = 1; :::; G (13) 7 We have four waves and 4443 respondents therefore we use the Arellano-Bond estimator which was designed for small T large N panels. The second lag is required, because it is not correlated with the current error term, while the …rst lag is. This is also shown by the Arellano-Bond test for autocorrelation which has a null hypothesis of no autocorrelation and it is applied to the di¤erenced residuals. The test for AR (1) process in …rst di¤erences usually rejects the null hypothesis (as in our results reported in Table 6 ).
This further assumption implies additional T 2 linear moment conditions: E [u t;ig y t 1;ig ] = 0, for t = 3; :::; T , i = 1; :::; N g ; g = 1; :::; G
These allow us to use lagged …rst-di¤erences of the series as instruments for the equation in levels, as suggested by Arellano and Bover (1995) .
Finally, given the assumption of endogenous regressors (10) the following moment conditions are also available:
E [" t;ig h t;ig ] = 0, for t = 3; :::; T; i = 1; :::; N g ; g = 1; :::; G:
4 Data and Results
The National Longitudinal Study of Adolescent Health
The National Longitudinal Study of Adolescent Health (Add Health) is a (US) nationally representative, school-based survey of youth. The study was designed to determine how peers (within family, schools, neighborhoods, and communities) as well as individual characteristics in ‡uence health behaviors and therefore health outcomes.
While initially focused on adolescents only, in later phases the study analyzes health and health behaviors during the transition from adolescence into early adulthood.
Indeed, in the …rst years of adulthood the young develop habits, and choose their lifestyle so that future health and well-being are strongly a¤ected by such behaviors.
It is therefore possible to study what happens during the transition to adulthood, as well as to explore early behavioral causes of adult chronic diseases.
The survey is made of four waves. In 1994 1995 a random sample of 7th to 12th grade students from schools across the country was selected. About 90; 000 young individuals participated by …lling out a brief questionnaire at school. Afterwards, at-home interviews with students and their parents were conducted. Students were interviewed again in their homes one year later (1996) . School administrators provided information about the schools participants attended and existing data were compiled to describe neighborhoods and communities (in both waves 1994 1995 and 1996). In the last two waves (2001 2002; 2007 2008 ) participants in the …rst in-home interview were re-interviewed at ages 18 to 26, and again at ages 24 to 32.
The survey contains information on demographics, family life and background, school and academic outcomes, and health behaviors (drug use, smoking, pregnancy, etc.). For this research, the desired sample is the one relative to the in-home survey of the publicuse data sets.
The reader is cross-referred to Appendices B and C for further details on design, weighting and missing information of data at hand.
The Dependent Variable
Our dependent variable is BMI, constructed using self-reported height and weight. 8 BMI is an index of weight-for-height which is age-independent and the same for both sexes.
It is computed as weight in kilograms divided by the square of height in metres (kg/m 2 ) and it is standardly used to classify underweight, overweight and obesity. 9 First of all, we notice that more than 50 percent of individuals has a normal body weight, while the probability of facing an overweight individual is about 25% and an obese one about 17%. 11 Probabilities located on the main diagonal are quite high, meaning that BMI is highly autocorrelated, especially for normal-weight and heavily obese people.
Such a …nding strongly corroborates the validity of our empirical speci…cation which includes lagged BMI among the set of regressors, given our hypothesis that habituation e¤ects as well as imitation e¤ects explain current BMI.
Descriptive Statistics
Tables 3 to 5 show the summary statistics of the sample under analysis. 8 We make use of self-reported height and weight because Add Health wave 1 lacks information on measured height and weight. However, it has been shown that BMI computed using self-reported variables is highly correlated with BMI generated using measured height and weight (r = 0:92), and correctly classi…es 96% as to obesity status (Goodman et al., 2000) . 9 BMI is not a direct measure of body fatness. However, it parallels changes obtained by direct measures of body fat such as underwater weighing and dual energy x-ray absorptiometry (DXA), therefore it can be considered as a proxy for measures of body fat. 1 0 http://apps.who.int/bmi/index.jsp?introPage=intro.html 1 1 Obtained by summing the percentages of all the obese categories, i.e. 11:03%, 4:28% and 3:31%. Tables 3 5 about here   Table 3 displays the descriptive statistics relative to our dependent variable of interest, BMI, and control variables for the whole sample covering all waves. Figure 1 shows that average BMI is close to the threshold between normal weight and overweightas predicted by the transition matrix. Having a look at the distribution of BMI (Figure 1) we realize that the modal bins are BMI=20 22 and BMI=22 24, meaning that normalweight individuals are those for whom frequency is highest. Concerning the sample composition of some characteristics of interest, we observe that the proportion of females is slightly larger than males, registering 57% of counts.
Also, the two wider ethnic groups are white and African American, while American Indian and Asian groups have a very small impact on the ethnical composition. The vast majority of individuals is in a good to excellent health status, while only 28% of the sample lives in a completely urban city, and 29% lives in a geographical area with low unemployment rate (though this variable shows a high percentage of missing values).
Finally, the …gure on parental education shows a low percentage of college graduate, both on the mother and on the father side.
All variables but income have a percentage of missing values of about 20%, which we consider acceptable and equally distributed across characteristics. We decide to deal with income missingness, instead, as it seems to be quite signi…cant, and with BMI missingness, as it is our dependent variable. Speci…cally, given that peer-e¤ects are derived as averages of individual BMI by dealing with missingness in this variable we explicitly take into account that certain categories may be less likely than others to report their weight, which can bias the de…nition of average (group) BMI. Details about 1 2 Cf. Appendix C.
the procedure are described in Appendix C. 13 Tables 4 and 5 are informative about variations in average BMI depending on certain characteristics, for both the entire sample and the adolescent subsample (…rst two waves only) respectively. The only di¤erence for adolescents is that average BMI is in general lower. In both tables the most important …gures are the correlation of poorer health statuses with higher average BMI, and the correspondence of lower BMI statuses to higher parental education. Also, those with a household income greater than the median show a higher BMI on average. Therefore, what comes out is that parental education, income (possibly correlated with parental education), and health are important factors for individual eating behavior. 
Reference Groups
Estimation Results
In this section we report results produced by estimating the system de…ned in (9) . 15 A premise is due at this stage. We make clear to the reader that the lagged dependent variable on the right hand side does not refer to the value of the dependent variable the year before, as the gaps between waves are not homogeneous; rather, that embeds all past history up to the previous wave. In particular, wave one and two are consecutive years registering information on adolescents, wave three is 6 years later than wave two and includes data on early adults, wave four is again 6 years later than wave three and contains information on adults. Data have been purposely weighted to account for uneven time gaps, and a dummy variable for being adolescent (observations registered in waves one and two) has been included to capture variation due to being part of the adolescent cohort versus belonging to the adult cohort.
Our speci…cation allows us to investigate the hypothesis that obesity can spread through peers versus the claim that obesity is essentially an individual outcome linked to personal and family history. We also establish whether peer e¤ects may be stronger for obese pupils compared to the non-obese counterparts.
As pointed by Cohen-Cole and Fletcher (2008), in order to avoid spurious conclusions on the role exerted by group behavior the estimation should include contextual e¤ects. 16 In other terms both individual and group behavior can be a¤ected by exposure to common in ‡uences: for example, the opening of a fast food, gym or recreational area near a school could simultaneously a¤ect the weight of all pupils in the same school.
Since access to such facilities may be linked to the socio-demographic characteristics of the adolescents in the same school, we include the average school values for household income, age, gender, ethnicity and parental education in the estimation. 17;18 Therefore, as in Cohen-Cole and Fletcher (2008), we consider a time-dependent set of school speci…c covariates, x t;g . These represent a much richer set of controls to absorb the average change in social context experienced by all individuals in the sample. They can also be interpreted as school-speci…c trends which account for environmental factors shared by adolescents in the same school. Clearly, more environmental confounders may exist which are positively correlated with an individual's BMI. We therefore enrich our instrumental variables set by adding two location-speci…c variables indicating whether the neighborhood where the individual resides is characterized by a low unemployment rate, and whether the adolescent lives in a completely urban area. 19;20 These environmental confounders re ‡ect the social context of the geographical area where the respondents reside and represent a valid set of instruments since they are likely to be correlated with both individual and group BMI but neither with the unobserved individual propensity or tolerance to become overweight, nor with unobservable e¤ects at the school level.
We employ a system GMM estimation which uses the levels equation (5) average, x t;g = r t;g , and two additional instruments, z t , characterizing the macro-area where each adolescent lives (urban and employment rate).
In order to compare the results at hand with previous …ndings by Cohen-Cole and
Fletcher (2008) we also address the issue of missing data. In the dataset we register 3; 372 missing observations for income and 1; 654 missing observation for BMI. We use a 1 7 In system GMM, one can include time-invariant regressors, which would disappear in di¤erence GMM. Asymptotically, this does not a¤ect the coe¢ cients estimates for other regressors. This is because all instruments for the levels equation are assumed to be orthogonal to the …xed e¤ects, thus to all timeinvariant variables; in expectation, removing them from the error term does not a¤ect the moments that are the basis for identi…cation. 1 8 We also performed estimation with average e¤ects at the school level and centered e¤ects at the individual level in order to account for potential collinearity among regressor and the results were similar. These additional results are available on request. 1 9 The de…nition of neighborhood follows a geographical criterion as such community variables are based on state, county, tract, and block group levels derived from addresses.
2 0 Our estimation also accounts of wave e¤ects, through the inclusion of time and adolescent dummies.
Multiple Imputation method to estimate these missing values as described in Appendix C, because we expect missingness at random to be explained by covariates included in our model (e.g., ethnicity or gender).
The third column in Table 6 reports the estimates for the system de…ned in (9) where missingness in income and BMI are accounted for. 21 Results show that current BMI is a¤ected both by past individual decisions and social behavior. In fact, an increase by 1% in past BMI leads to an increase in current BMI by 0:83%. This result is very much in line with the evidence from the transition probabilities in Table 2 where BMI is highly autocorrelated, especially for heavily obese people. Looking at peer e¤ects, we can see that an increase by 1% in the average BMI leads to an increase in current BMI by In the presence of assortative mating, individuals with a higher level of education also marry partners with higher levels of education, which positively a¤ects family income. In this respect, public health strategies aimed at preventing obesity may need to target families of low socioeconomic status early in children's lives, in order to counteract the adverse e¤ect of poor socioeconomic status on parental health and eating decisions. 22 2 1 We use a robust standard errors estimation where the standard covariance matrix is robust to panel-speci…c autocorrelation and heteroskedasticity. We also bootstrap the standard error and …nd no di¤erence with the robust standard errors. The results are available on request. 2 2 We also estimate a model omitting the health dummies and their group averages among the set If we consider imputed data for income only the qualitative results do not change insofar past individual behavior still dominates. In this case an increase by 1% in past individual BMI leads to an increase by 0:67% in current individual BMI whereas an increase in average BMI leads to an increase in current individual BMI by 0:46%. It is worth stressing that when we impute data for BMI alongside income the coe¢ cient for Black ethnicity is now signi…cant. This seems to support the evidence that data are not missing completely at random, and that weight self-reported information might be dependent on individual ethnicity with Black being less likely to report their weight than individuals of other ethnicities. The results also show that dealing with missingness of both income and BMI increases by 76% the coe¢ cient of average BMI (from 0:25 to 0:44). In Table 6 (Model 1) we might erroneously understate the e¤ect exerted by peers if BMI missingness in not properly addressed.
The Role of Habituation and Imitation in Obesity Behavior
In this section we want to assess how habituation and imitative behavior in ‡uence the behavior of adults who were normal-weight, overweight and obese adolescents. 23 We note from Table 2 that BMI is highly autocorrelated, especially for normalweight and heavily obese people. In this instance, personal history and personality traits may dominate upon the in ‡uence of the reference group. We therefore estimate model (9) for each BMI category, paying attention to endogenous sample selection arising from selecting categories based on the dependent variable. Hence, we split the sample according to the BMI status in wave 1 and keep individuals in the same strata. This allows us to clearly understand how behaviors during adolescence contribute to adult outcomes. The results for normal, overweigth and obese adolescents are reported in Tables 7, 8 and 9 respectively.
We …nd that personal history (lagged BMI) does not matter for individuals who were normal and overweight adolescents; rather, they seem to be a¤ected mainly by their reference group behavior. For those who were obese in adolescence, instead, habituation is certainly a fundamental driver of current BMI, though the e¤ect exerted by social ties of regressors (available on request). This exclusion has the e¤ect of amplifying the impact of lagged individual BMI on individual BMI and to downsize the e¤ect of average BMI. An increase by 1% in past BMI leads now to an increase in current BMI by 0:94%. Whereas an increase by 1% in average BMI leads to an increase by 0:19% in current BMI. We therefore opt to include the health dummy variable among the set of regressors since the signi…cance of lagged individual BMI may be simply pick up an omitted variable problem. Note that the potential endogeneity of the health variables is controlled by the use of lagged endogenous instruments in the system GMM estimation. 2 3 Speci…cally, we focus on the International Classi…cation of Weight according to the WHO, as reported in Table 1. is explosive. In practice, BMI status during adulthood is due to both past behavior and group behavior for individuals who experienced obesity when adolescent -therefore they are obese adults (Whitlock et al., 2005)-but peer e¤ects outnumber habituation e¤ects. Table 7 , Model 3 (benchmark model) shows that individual behavior is dominated by the in ‡uence from peers for the sample of normal-weight individuals when teenagers.
In this instance, for any 1% increase in average BMI we expect about 0:37% increase in individual BMI, whereas the coe¢ cient for past BMI is not statistically signi…cant.
Results show that normal-weight adolescents tend to develop a social behavioral pattern in eating, perhaps related to social inclusion (e.g., Falkner at al, 2001; Chen and Brown,
2005). Table 8 shows the same behavior for individuals who were overweight during their adolescence: a 1% increase in average BMI leads to an increase in individual BMI by 0:67% (Model 3). Interestingly, gender plays a role in explaining eating behavioral patterns of normal-weight adolescents, registering a negative relationship with individual BMI, while the coe¢ cient for the gender dummy is insigni…cant for overweight adolescents. Ethnicity, instead, does not seem a decisive driver of di¤erences in BMI status.
For obese adolescents the story is di¤erent. A pattern of self-weight-manteinance behavior is observed, possibly supported by patterns of wrong behavioral routines such as unhealthy eating habits and scarce exercise. However, the in ‡uence of peers at the school level is now stronger, even explosive. Table 9 (Model 3) reports that an increase by 1% in average BMI leads to an increase by 1:32% in current BMI. The habituation e¤ect is lower -still very high in absolute terms -leading to a 0:97% increase in BMI for a 1% increase in aggregate BMI. This means that obese adolescents become future obese adults through wrong habits enforced by imitative behavior. As stressed by Christakis and Fowler (2007) , having obese school contacts might change a person's tolerance for being obese or might in ‡uence his or her adoption of speci…c behaviors (e.g., smoking, eating, and exercising). The fact that adolescents' appearance and behaviors are in ‡uenced by the appearance and behaviors of those around them suggests that weight gain in one person might in ‡uence weight gain in others. In addition to such strictly social e¤ects, it is plausible that physiological imitation might occur (Fogassi et Finally, it is also important to stress that dealing with missingness of both income and BMI has a dramatic e¤ect on the coe¢ cient of average BMI. In Table 7 (Model 1) we might erroneously think the habituation e¤ect to be explosive and understate the e¤ect exerted by peers if BMI missingness in not properly addressed. Table 8 shows that for overweight adolescents, when missing data for income and BMI (Model 3) are replaced by multiple imputation there is an increase by 33% in the coe¢ cient of the group e¤ect measured by average BMI (from 0:501 to 0:667). Table 9 (Model 1) shows that for obese individuals the peer e¤ect would disappear when missingness is not taken into account, while it represents a key factor in delineating eating behavioral patterns for obese adolescents. In addition the results also show that the magnitude of lagged individual BMI in Models 1 and 2 of all tables may be misleading, since it may be simply picking up the e¤ects of missing data. This evidence is generally not captured by a typical full sample estimation ( Table 6 ) where we can observe that the coe¢ cients of average BMI is rather stable across the three models.
Conclusions
Personal and family history, the impact of the social context where each individual lives as well as endogenous e¤ects induced by interactions with peer groups are all possible determinants of eating behavior. One of the econometric challenges is to identify the separate impact of the endogenous and contextual e¤ects, and to break the so called re ‡ection problem (Manski, 1993) . The dynamic linear-in-means model proposed in the paper allows us to estimate all social e¤ects and to control for individual-and groupspeci…c unobservable e¤ects, by exploiting stationarity restrictions of a system GMM estimator. Our results show that individuals tend to become overweight mainly due to habituation and social e¤ects, even properly accounting for contextual e¤ects. In particular, imitative behavior seems to explain a relevant part of variation in body mass index of all individuals in the sample, though habituation plays the most important role. Individuals who were normal-weight and overweight during adolescence are not in ‡uenced by past behavior; rather, they are a¤ected by average behavior in their reference group. Obese adolescents, instead, become future obese adults, showing a high persistence in their body mass index status; their wrong habits are enforced by imitative behavior, as peer e¤ects impact dramatically on current weight status.
Such peer e¤ects are of obvious policy signi…cance, though rarely taken into account by policy makers or even by entities with a collective perspective. The implication is that group-level interventions may be more successful and more e¢ cient than individual interventions, as a social multiplier e¤ect takes place. This means that clinical and policy interventions may be more cost-e¤ective than policy-makers have previously supposed.
We are facing a health problem characterized by a imitative, therefore multiplicative, dimension. Public health policy makers should implement urgent and targeted actions for preventing this epidemic to spread further.
Despite the advantage of being able to identify peer groups at the level of schoolmates, data used in our study have some limitations. First, the longitudinal analysis is conducted in a panel dataset with non-homogeneous gaps relative to adolescents who become adults. Second, friends outside of school and romantic partners are not captured.
Future research is needed to better understand the mechanisms behind the in ‡uence of peers on weight. Several candidates exist, such as peer in ‡uence on weight loss attempts, physical activity, and perceptions of own body weight. The causal mechanisms should also be consistent with e¤ects of higher moment of the BMI distribution. Knowledge about the source of peer in ‡uence on weight and the size of any social multipliers will improve implementation and evaluation of policies aimed at reducing overweight or obesity in adolescence, hence in adulthood.
A GMM and Chamberlain' s Correlated E¤ects Approach in Linear Panel Data Models
Consider system (9) y t;ig = y t 1;ig ' + y e t;ig + x 0 t;g + r 0 t;ig + e t;ig ; j'j < 1 (16) e t;ig = g + u t;ig ; u t;ig = f i + " t;ig By recursion we can write (for t = 1; :::; T ) : 
Given the equivalence with system (17) both f i and g can therefore be treated as random individual-and group-speci…c e¤ects also in the original system (9).
B Design and Weighting
The Add Health Study is a US representative, probability-based survey of adolescents in grades 7 through 12 conducted between 1994 and 1995, and extended to 2008 with three in-home interviews. The sample design used to collect the data embeds a certain degree of complexity which should be accounted for. Indeed, failing at considering such complexity may result in biased parameter estimates and incorrect variance estimates.
Hence, we corrected for design e¤ects and unequal probability of selection, according to what is suggested in the Add Health user guides. 24 We exploit the longitudinal feature of the dataset, keeping the strength of its 
C Missing data
There are several reasons why the data may be missing. We say that data are "missing completely at random" if the probability that an observation is missing is not related to the value of that observation or to the value of any other variable. In this case the design power is lower, but the estimated parameters are not biased. However, this data feature is not very common.
In other cases data may be classi…ed as "missing at random". For data to be missing at random, missingness should not depend on the value of the missing observation after controlling for another variable. The type of missingness should be dealt with in order to produce relatively unbiased estimates. Both these types of missingness are said to be "ignorable", but the latter needs to be addressed in some way.
Finally, we could have "missing not at random"data, i.e. data for which missingness depends on the value of the missing observation. Under such circumstances, the only way to obtain unbiased estimates is to write a model that takes missing data in due account.
Clearly, this could be a rather di¢ cult task as we rarely know what the missingness model is.
Concerning our case, we consider the variables of the dataset to display missing-atrandom or missing-completely-at-random values. For example, on the one hand, income self-reported information might be dependent on individual ethnicity: black people could be less likely to report their income than white individuals. The black probably have lower incomes than the white, and it would at …rst appear that missingness on income is related to the value of income itself. But the data would still be missing at random if the conditional probability of missingness were unrelated to the value of income within each ethnic group. On the other hand, missing values on gender, for example, could be considered as being missing completely at random.
We decide to deal with missingness in two ways: by applying a Multiple Imputation method to two variables of interest, namely household income and household income/BMI (Models 2 and 3 of Estimation Tables). 25 In the …rst case, we are able to replace all the missing values, but such a replacement does not add new information, as the overall mean, with or without replacing missing data, will be the same. 10,000 US Dollars. 
